This paper introduces a comprehensive framework for the development of optimal multi-year maintenance plans for a large number of bridges. A maintenance plan is said to be optimal when, within the given budget, a maximum number of bridges can be maintained in the best possible year, achieving maximum performance with minimum socio-economic impact. The framework incorporates heuristic rules, multi-attribute utility theory, discrete Markov chain process, and genetic algorithms to find an optimal balance between limited budgets and performance requirements. The applicability of the proposed framework is illustrated on an extensive case study of highway bridges. The framework enables asset owners to execute various planning scenarios under different budget and performance requirements, where each resulting plan is optimal. The focus of this study has mainly been on highway bridges, however the framework is general and can be applied to any other infrastructure asset type.
Introduction
Bridges are one of the most fundamental structures on a road transport network. They provide crossings at critical locations, reduce travel times, and maintain traffic flow. Since most of the road infrastructure in Europe was built after the 1950s, many road bridges are reaching their critical age, while being exposed to adverse climate effects and increased public demands. Because of limited financial resources, agencies have to take careful investment and maintenance planning decisions to improve safety, serviceability, and availability of infrastructure while minimizing overall life-cycle costs.
Within the theme of maintenance planning and optimization, literature studies can be divided into three groups; reliability assessment by deterioration modeling [1] , comparisons of different maintenance alternatives [2] [3] [4] [5] and multi-objective optimization techniques [6] [7] [8] . Most of these approaches are focused on individual bridge level, while few consider maintenance planning at the network level. Though these advance optimization approaches are promising, they are computationally expensive, often non-transparent and can be challenging to implement by asset owners. Many agencies use a Bridge Management Systems (BMS) to develop maintenance plans by allocating the budget, which is still mainly driven by subjective ranking and preferences of domain experts [9, 10] . These systems typically employ single-objective optimization analysis to allocate budget, but do not take into account other performance aspects [11] .
To develop accurate yet simple maintenance planning solutions constituting of multiple performance goals and resource constraints, search-based optimization techniques like Genetic Algorithms (GA) are popular. A brief overview of the notable studies that employ GA for maintenance planning is considered herein. Bocchini and Frangopol [12] developed a probabilistic framework to schedule preventive maintenance for bridges with a focus on reliability assessment. A two-stage maintenance planning method for a large number of bridges is proposed in [13] . First, a preventive maintenance plan of a bridge is optimized, and then, the total life-cycle cost is reduced Bukhsh et al. European Transport Research Review (2020) 12:3 Page 2 of 13 by allocating flexible intervention intervals. Denysiuk et al. [14] proposed a computational framework consisting of degradation and maintenance models to search for optimal maintenance schedules. Similarly, Xie et al. [15] developed a framework to find the optimal initial and consecutive time intervals between maintenance activities in order to minimize the life-cycle environmental impact.
The literature provides numerous maintenance planning approaches varying by the employed degradation models and optimization techniques. Some of the past studies have also been the source of motivation for this study [2, 16, 17] . However, it is noted that the searchbased optimization solution considers the multiple objectives of maintenance planning but neglect to scrutinize the subjective preferences of the asset owners/decisionmakers [18] . Moreover, most of the planning solutions are illustrated on the small set of assets, where, with the best of our knowledge, none of the maintenance planning approaches provides a comprehensive methodology to plan the maintenance of hundreds of network assets in an end-to-end manner. This study aims to mitigate these gaps by introducing a Multi-year Maintenance Planning Framework (MMPF). The purpose of the MMPF is to find the best time for the maintenance of bridges by developing an optimal schedule over a multi-year planning period while accommodating decision makers' preferences and satisfying multiple performance goals.
The key contributions of this study are as follows:
• Employing the multi-attribute utility theory to incorporate multiple-objectives and decision-makers' preferences for the ranking of a large number of bridges. • Applying Markov chain process in conjunction with genetic algorithms for the performance forecasting of bridges for each year. • Illustrating the applicability of the proposed framework on a case study of highway bridges. • Introducing a comprehensive two-step multiobjective optimization for the maintenance planning based on current condition state only and the future predicted condition states. • Enabling asset owners to execute various maintenance planning scenarios under varying budget and performance constraints
The paper is structured as follows: Section 2 introduces the proposed MMPF along with details of techniques and algorithms applied. Section 3 and Section 4 illustrate the application of the MMPF on case study data, outline the implementation details, and analyze the numerical results. The discussion of results, potential limitations of MMPF, and concluding remarks of the study are provided in Section 5.
Methodology of Multi-year Maintenance Planning Framework
This section introduces the methodology of the Multiyear Maintenance Planning Framework (MMPF), which seeks to develop optimal maintenance plans for a number of infrastructure assets. Figure 1 presents a flowchart of MMPF to highlight the interaction of employed techniques and algorithms. The proposed MMPF mainly constitutes of four modules; i) an impact assessment module to decide on the type of maintenance intervention and its resulting impact ii) a Multi-Attribute Utility Theory (MAUT) module for ranking of bridges based on preference uncertainty and risk attitude of a decision-maker, iii) a Markov Chain Process (MCP) based performance prediction module to forecast the condition of a bridge in the future and finally iv) a Genetic Algorithm (GA) module to develop numerous multi-year maintenance plans in order to find the optimal solution.
Problem formulation
The proposed framework considers multiple objectives of maintenance planning. The principal objectives are to maximize the performance level of bridges and to minimize the maintenance cost by optimally planning the maintenance treatments. The objectives and constraints of the maintenance planning problem are represented as:
The aforementioned parameters used for modeling are defined as follows: With this formulation, Eq. (1a) represents the first objective function, which aims to minimize the condition score I of all the bridges B over the finite planning period T. The minimization function is applied because, in a discrete condition scorecard, 1 represents the best (as new) condition state, whereas 6 represents the worst condition (loss of function). If assigned with a maintenance activity in a year, the state of the bridge will be improved (represented as z); otherwise, it is deteriorated with a certain degree f (d) complying to Markov chain transition matrices represented in Eq. (1e). Equation (1b) represents the second objective function, which is targeted for the minimization of maintenance cost resulted from m maintenance activity. Both objectives must be reached within the two main constraints. Firstly, all the bridges must be below the specified condition index threshold value as represented in Eq. (1c). This condition enforces the allocation of maintenance activity to bridges having poor condition states, irrespective of their high rehabilitation cost. Secondly, the accumulated costs of planned maintenance activities on the selected bridges must be within the specified budget limit denoted by Eq. (1d) . Currently, the impact of maintenance activities on the users is not considered as an objective with the fixed value. Instead, it is used as the criteria to minimize the impact on the users by determining the user delay costs resulting from maintenance activities, while accounting for bridge importance in terms of the number of vehicles per day, the extended travel times, and duration of different maintenance options.
Maintenance intervention and quantification of its impact
This section introduces heuristics to link condition states with various maintenance treatments and provides a procedure to quantify the socio-economic impacts of maintenance activity.
Condition state and maintenance treatments
Bridges are deteriorating and experiencing various damages due to the environmental impact, aging and traffic loading. The observed damages and their severity define the condition state of a bridge and consequently the required maintenance treatments. Table 1 provides a simplified rule-based choice of maintenance treatments related to the Bridge Condition Index (BCI). We consulted following studies [2, Section 3.5], [20, Table 1 ], [21, Table 1 and 2] and [19, D03] to define the respective maintenance activities, their impact, and associated condition ranges.
Performance indicators quantification
This section provides a procedure to quantify the impact of maintenance activity on different aspects (reliability, availability, and economy), by quantifying performance indicators as follows:
• Element-level to system-level BCI: BCI represents the overall health of the structure. Since bridges have multiple elements with distinct damage types, many road agencies inspect the bridges at an element level [22] . However, the maintenance decisions must be made at the system-level (as a whole bridge); therefore, the element-level condition indices must be translated to represent the overall health of a structure. We applied the weighted-average method [22] in which an expert establishes the importance of each element to another. The choices of an expert are based on the elements' failure history, maintenance frequency, and the impacts on the bridge in case of failure. Table 2 provides the elicited relative importance of the bridge elements. Using the relative importance values, BCI is calculated by the following Equation:
where n represents number of bridge elements, CI i is condition index of element i obtained through experts judgements after (visual) inspection, and W i is weighted importance of element i elicited by an expert as shown in Table 2 . • Maintenance cost: The maintenance cost is a monetary value borne by an agency as a result of performing maintenance activities. The maintenance cost of each bridge is computed as a sum of the unit costs of all the maintenance treatments (UCA m ) multiplied by the quantity (Q m ) or the volume of the treated area. The formula to calculate the maintenance cost is provided as follows:
where MC is total maintenance cost spend on a bridge and n is number of bridge's element. • User delay cost: The user delay cost estimates the impact of a maintenance treatment on the availability of the bridge and highlights its importance on the network. It represents the value of extended travel time of the road users due to work-zones in a monetary form.
The number of factors contributes to user delay cost [24] , expressed as follows:
ETT is extra travel time due to speed restrictions, AHT h is average traffic per hour passing over the bridge on a working day, V oh is value of an hour of the user time, D h is duration of the maintenance activity, L is length of working zones (km), V s is standard velocity (km/h) and V r is reduced velocity due to maintenance.
Uncertainty and preference assessment using MAUT
This module incorporates the preference uncertainty and risk attitude of experts, for maintenance planning, by employing the principles of Multi-Attribute Utility Theory (MAUT). The concept of the utility function is inspired by gambling, wherewith equal probability to obtain the best value or worst value, a gambler/decisionmaker needs to take certain risks [25] . The purpose of MAUT in MMPF is threefold: 1) to accommodate multiple performance indicators, ranging from societal to economic aspects, 2) to enable decision-makers to state their maintenance preferences under uncertainty and 3) to assign a rank to each bridge by performing a trade-off of multiple performance objectives. The resulting prioritization filters-out the broad set of bridges from the road network that do not fulfill the objectives, and therefore, must not be scheduled for maintenance in the near future. The ranking can also be utilized for next year's maintenance plan as the highest-ranked bridges present the urgent need of maintenance prompted by either low cost or poor condition state.
In the following, a brief explanation and application steps of the MAUT process is provided 1. This study applies the Exponential Utility Function (EUF) to elicit the utility scores of each attribute since it captures the preference uncertainty and Risk Tolerance (RT) of a decision maker [26] . The formula to calculate the utility scores U a of each attribute a for the alternatives x is provided below:
where A and B are scaling constants, and e is an exponential constant. The EUF requires the decisionmakers to respond to the lottery question of a maximum and a minimum value of an attribute, where the indifference point has to be reached between the best and the worst possible outcome. Such an indifference point for a decision-maker is referred to as the Certainty Equivalent (CE). 2. The risk tolerance is calculated based on expected value (EV) and CE, where EV is median of worst and best value of attribute values. The value CE is chosen by the experts based on following the principle:
3. Trade-offs are performed among attributes a by assigning the relative importance k based on the preferences of the decision-maker.
where rate(x a ) is a weight assigned by a decision maker to attribute a, A a=1 (x a ) is sum of all the weights given to attributes and k represents attribute's relative importance. 4. The utility score of each attribute and their assigned weight factors are aggregated to elicit the final ranking of the alternatives by computing additive aggregation as follows:
where k a is the relative importance of attribute, U a (x a ) is single attribute utility for each attribute a for an alternative x.
The computed MAUT score establishes the ranking of each alternative. Based on the minimization objective function, the alternatives with lower aggregated MAUT scores will obtain a higher ranking.
Performance prediction using Markov chain process
It is essential to forecast the performance of assets in order to optimally plan the maintenance activities and to estimate the cost. Based on mathematical and statistical (2020) 12:3
Page 6 of 13 principles, multiple deterministic and stochastic models have been proposed for deterioration modelling [1, 27] . For this study, the discrete Markov Chain Process (MCP) is applied to model the random and uncertain process of bridge deterioration statistically, as already illustrated by several studies [28] [29] [30] . Markov chain consists of set of states denoted as S = s 1 , s 2 , .., s n , where each state represents the bridge condition state. The process starts from one state s and moves to another state s , with a certain probability of p. The probabilities p are called transition probabilities, which quantify the probability of a bridge or its element to move from one state s to another state s . There are multiple procedures to compute the transition probability matrices, namely expected-value method [31] , binomial regression [32] , and ordered probit model [33] . The simplest technique, requiring minimum data, is the percentage prediction method, which forecasts the percentage of total bridges belonging to each condition state [34] . The calculation procedure can be represented as:
where n ss is number of elements transitioning from condition state s to state s and n s is total number of elements having state s.
The computed transition probabilities are expressed in a matrix of size w*w, where w is the number of discrete condition state. The performance prediction of the bridges using the MCP is used to decide on a specific year for the maintenance execution.
Multi-year maintenance planning using genetic algorithms
The development of the maintenance plan is a multiobjective combinatorial optimization problem, with the objectives to reduce the life cycle costs of assets and fulfill the performance requirements over a specified planning horizon. Instead of traditional optimization techniques, which are complicated and time-consuming, we choose to apply a Genetic Algorithm (GA) solution that is efficient and provides robust results. GA is a combinatorial optimization search technique motivated by Darwinian evolution theory of natural selection, genetics and survival-of-the-fittest [35] .
In GA, the potential solutions are expressed as individuals, which consist of combinations of chromosomes. The chromosomes are finite-length strings, which represent the decision variable of a search problem. Unlike traditional optimization approaches, GA generates a population of potential solutions iteratively until the predetermined population size is reached. The objective function must evaluate each individual of the population in order to distinguish good solutions from bad solutions. Further stochastic operators i.e., cross-over, the mutation is applied on selected populations based on their relative fitness score assigned by objective function to generate next population. Figure 2 provides a flow chart of GA.
Depending on the problem, different encoding schemes such as binary, tree-based, value, and permutation can be selected [36] . The optimization problem of this study is encoded in the value scheme since the fitness of a generated schedule depends only on the discrete values, i.e., cost and condition irrespective of a specific order. Each of the generated solutions is evaluated for its fitness by the objectives function, established in problem formulation Section 2.1.
Case Study
The proposed MMPF is validated on a case study of concrete bridges, which are part of a highway network 1 . The database contains data about location, bridge structure, materials, element-level condition scores resulting from principle inspections, records of performed and planned maintenance treatment(s) and their unit costs. The agency uses condition data, damage estimation, and expert judgments implemented into risk assessment to decide on future maintenance plans. Considering that the existing procedure still heavily relies on subjective judgments, it is not fully transparent or easy to follow. The proposed MMPF primarily utilizes existing condition score data and can be applied within several agencies.
A five-year maintenance plan is programmed with the aim to keep the network-level bridge score of at least 2.7 with the estimated budget of e6 million only. The objective is to improve the performance of the bridges by minimizing the socio-economic impact under a limited budget. We have considered five treatment options, namely i) monitoring, ii) minor intervention, iii) medium intervention, iv) major intervention, and v) complete replacement. The available treatment options are linked to the range of BCI, as shown in Table 1 .
For this case, seven essential elements of a bridge are considered (see Table 2 ). Since the principal inspection is performed at the element-level every six years, each element has two visually assessed indices from the data of the past 12 years. To have a thorough understanding of bridge structural integrity and its deterioration over time, first, the transition probabilities are calculated. Next, the case study data is used to compute the performance indicators.
Computing transition probability matrix
The transition probabilities of each element are calculated by percentage prediction method, provided in Section 2. The percentage prediction method mainly relies on the number of changes in condition state between the inspection interval. We have considered only those elements' data that show the deteriorating trend in condition state, which means no maintenance has been performed between the two inspection activities. The transition probability is represented as p(s, s ), where s ≤ s . By using Eq. 8, the transition probability matrix for each bridge component is computed. Next, the system-level probability matrix is computed using the relative importance of each bridge element (provided in Table 2 ). The system-level transition probability matrix is provided in Table 3 , where the leftmost column represents the current condition, and the top row shows the future condition states.
Most of the elements had condition state 4 as their lowest (poor) condition, except for joints and railing. To Table 3 System level transition probability matrix of bridges eliminate this skewed data distribution, we have used historical data about bridge performance from other bridge management system to estimate probabilities of transitions from condition 4 to 5 and 5 to 6 [19] . The elicited probability scores are denoted with bold text in Table 3 .
Computing performance indicators
Performance indicators quantify the objective of optimal multi-year maintenance planning. These indicators measure the impact of maintenance activity concerning the maximization of bridge network performance (covering structural aspects), and minimization of socio-economic costs. By utilizing the quantification procedure provided in Section 2.2.2, we have calculated the BCI, maintenance cost, and user delay cost for all bridges of the case study. Figure 3 presents the range of BCI found in the case study dataset. The BCI of most of the bridges ranges between 1.5 to 3.5, except for few bridges having greater than 3.5 condition score. This limited dispersion of BCI in the dataset shows the overall good condition state of the considered bridges.
The approximate cost of maintenance treatment of each bridge is computed using the Eq. 3 and the rules defined in Table 1 . Figure 4 shows a boxplot of the maintenance cost with respect to the condition state. The bridges having a poor condition state require significant maintenance and higher cost as compared to bridges having relatively better condition state. In other words, a bridge is economical to maintain in its initial state of damage compared to the critical damage level.
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Fig. 3 Ranges of BCI
The user delay cost is calculated by using the Eq. 4, where the length of the work zone is estimated to be three times the total length of a bridge. The reduced speed due to maintenance is 90km/h whereas the standard speed is 130km/h. The duration of various maintenance interventions are estimated as 48 h for minor, 168 h for medium, and 312 h for the major treatments. Finally, the average traffic per hour over a bridge is extracted by considering the bridge location. The range of user delay cost of bridges with respect to their bridge's length and duration of the maintenance activity is provided in Fig. 5. 
Framework Implementation and Numerical Results
As a result of computing performance indicators, the bridges having BCI lower than 2.7 are eliminated from the analysis, meaning they are in good condition and do not need maintenance in the next five-years. In the following sections, the implementation details of MAUT, MCP, and genetic algorithms applied to the case study data are provided.
Implementation of Multi-attribute utility theory
MAUT method is applied to the remaining 123 bridges. The first step of MAUT is to determine the single utility function (SUF) of each attribute across all the alternatives (bridges), as discussed in Section 2.3. The calculation of SUF for each attribute is an extensive process. Therefore, for the sake of brevity, the computation process is omitted here. An interested reader may refer to [23] for the detailed procedure. Next, the weight for each of the attributes is defined to describe their impact on the overall objective. The highest importance is assigned to the BCI with 90, followed by those bridges that can be maintained within the available budget over 5 years, which resulted in the selection of 28 bridges in total.
Implementation of genetic algorithms and Markov chain process
The Genetic Algorithm (GA) is applied to the 28 selected bridges to seek an optimal maintenance plan for the next five years. To apply GA on the maintenance planning problem, we have utilized the evolutionary computation framework DEAP, available for Python programming language [37] . A population size of 150 individuals with ten generations is adopted for the GA simulator. A partially matched crossover method with 0.2% probability is used, where the chromosomes of two individuals are randomly swapped to generate two new and unique individuals (i.e., maintenance plans). Similarly, a mutation probability of 0.7% is applied in which, instead of mutating the chromosomes values, the order of the chromosomes is shuffled.
Moreover, for the selection of the best individuals among the number of generated individuals, a non-dominated multi-objective optimization algorithm (NSGA-II) is applied [38] . The GA simulator is tuned multiple times with varying cross-over and mutation probabilities to find the settings that best converge for the given problem. Figure 7 shows the number of individuals (maintenance plans) generated for a single population on the axis of condition state and budget limit having varying fitness levels. A maintenance plan which compromises on the required performance threshold of 2.7 can have as low budget as e2.1 million while comparing to those plans which achieve 2.14 of performance level but on the cost of e6.6 million. The grey (dotted) lines in Figure 7 show the optimization constraints for the 5 year maintenance plan, where condition scores of all the bridges on the network should be at least 2.7, while taking account the e6 million budget limit. All the maintenance plans depicted with the 'blue plus' marker are feasible solutions that fulfill the defined constraints. Though it is worthwhile to mention that few generated maintenance plans do not allocate all the 28 bridges for planning, therefore present lower cost. The solutions represented with 'red circle' are infeasible solutions and do not comply with the defined optimization constraints.
Among the 150 maintenance plans (individuals) generated in 10 iterations (generations), we choose the single most optimal maintenance plan as presented in Table 4 . The plan exhibits the set of bridges allocated to a specific year along with treatment name, maintenance cost, and improved condition state. The treatment name refers to the intervention details provided in Table 1 . As mentioned earlier, the bridge which is not maintained in a particular year (e.g., 2020) will decline in condition state until it is selected for maintenance. For instance, B861 had a condition value of 3.65 at the time of maintenance planning (say 2018), while when scheduled to be maintained in year 5 (say 2022), it is estimated to have deteriorated condition score by 4. 16 . By the optimal allocation of bridge maintenance to specific years, the plan shows a budget of e5.9 million and achieving the average condition score for all bridges of 2.27.
For the sake of comparison and to establish a baseline, we also generated sequential maintenance plan without applying the GAs. The purpose of sequential plan is to mimic usual planning scenario where a bridge with poor condition state is maintained first. An assumption of equal budget allocation to each year is made, where the residual budget of any year is equally distributed in all the remaining years of planning. This sequential maintenance planning, based on condition states only, can allocate only 18 bridges for maintenance with average performance level of 2.58 within the given budget limit of e6 million. Bridges based on their condition score were sorted in a descending order and all the bridges which are within the yearly budget limit are allocated for maintenance.
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Discussion and Conclusions
This paper introduces a comprehensive framework for the development of optimal maintenance planning for a network of road bridges over a multi-year planning period, while considering the multiple objectives of performance requirements and budget constraints. The proposed Multi-year Maintenance Planning Framework (MMPF) employs multi-attribute utility theory for ranking a large number of bridges by capturing the preference uncertainty and risk attitude of a decision-maker. It develops several maintenance plans by using genetic algorithms in conjunction with Markov chain processes. The MMPF is generic and can include any other performance attributes, according to the owners' needs (e.g., safety, environment, maintainability, etc). In addition to developing an optimal maintenance plan, the proposed framework enables asset owners to execute various maintenance planning scenarios by changing budget limits and performance objectives for the network. Additionally, the framework can be used for future budget planning by forecasting condition states of bridges. The framework is validated using an inventory of concrete bridges on a highway network to develop an optimal 5-year maintenance plan given a budget constraint and a condition threshold. Based on the given criteria, out of 800+ bridges, a group of 123 bridges was found to have condition states below the required performance level. The application of the framework prioritizes the bridges and generate an optimal maintenance plan for 28 bridges within the given budget limit, whereas, the sequential maintenance plan (i.e., a bridge with the poor condition is always maintained first), applied to the same set of bridges, enables the maintenance of 18 bridges only.
The proof-of-concept on the case study data expresses the usefulness of MMPF; however, there are few limitations related to the scope and used methods. For the detailed overview on the impact on users in case of (maintenance) interventions, the MMPF must be extended with traffic flow modeling. The proposed framework develops the static maintenance plan by filtering the bridges that require maintenance. Here the assumption is that filtered-out bridges are in good condition state and will not require maintenance in the next five years. However, factors like extensive usage, environmental impacts may escalate deterioration process of assets, thus resulting in an unexpected need for maintenance.
Regarding the methodology, the transition probability matrix developed in this study demands data of at least the last two inspections and expects the ideal distribution of data over time. However, in reality, not all the bridge elements can have detailed inspection records for all the classes, which makes the calculation of transition probability matrices a difficult activity. Similarly, despite easy implementation and reasonable running times for the genetic algorithm, it is well-known that they are unable to guarantee an optimal solution due to possibly ample solution space of a combinatorial multi-objective problem. However, genetic algorithms still promise good quality solutions in a reasonable time, given the complexity of multiple objectives and constraints.
From the application perspective, tool support is needed to enable the seamless execution of various maintenance planning scenarios. To encourage tool development and to support the reproducibility, the implementation code python has been made publicly available 2 . The future work of this study aims to improve the MMPF further by considering the specific structural aspects of each bridge while defining specific maintenance treatment. Another potential improvement of MMPF is to employ the models of machine learning for the performance prediction of each bridge on the bases of particular bridge characteristics, condition and maintenance history, and usage intensity. This will also enable a more accurate estimation of the required budget for the owners.
